
 
 
 
 
 
 
 
 
 
 

On the profitability of technical trading  
rules based on artifitial neural networks:  
Evidence from the Madrid stock market 

by 
Fernando Fernández-Rodríguez* 

Christian González-Martel* 
Simón Sosvilla-Rivero** 

DOCUMENTO DE TRABAJO 99-07 
 
 
 
 
 

June, 1999 
 
 
 
 
 
 
 
 
 
 
 
 

* Universidad de Las Palmas de Gran Canaria. 
** FEDEA and Universidad Complutense de Madrid. 
 
 
 
 
Los Documentos de trabajo  se  distribuyen  gratuitamente  a las Universidades e Instituciones de Investigación que lo solicitan. No 
obstante están disponibles en texto completo a través de Internet: http://www.fedea.es/hojas/publicaciones.html#Documentos de 
Trabajo 
 
These Working Documents are distributed free of charge to University Department and other Research Centres. They are also 
available through Internet: http://www.fedea.es/hojas/publicaciones.html#Documentos de Trabajo 



FEDEA – D.T. 99-07 by Fernándo Fernández, Christian González and Simón Sosvilla 
 

1 

ABSTRACT 
 

In this paper we investigate the profitability of a simple technical 

trading rule based on Artificial Neural Networks (ANNs). Our results, 

based on applying this investment strategy to the General Index of the 

Madrid Stock Market, suggest that, in absence of trading costs, the 

technical trading rule is always superior to a buy-and-hold strategy for both 

“bear” market and “stable” market episodes. On the other hand, we find 

that the buy-and-hold strategy generates higher returns than the trading rule 

based on ANN only for a “bull” market subperiod. 

 
JEL classification numbers: G10, G14, C53 
 
KEY WORDS: Technical trading rules, Neural network models, Security 
markets 
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1. Introduction 
 

In recent years, there has been increasing interest in testing for 

predictable components in stock prices (see, Fama, 1991, for a review). The 

existence of patterns in asset prices has been exploited to improve stock-

market forecastability using different techniques (see, e. g., Fernández-

Rodríguez et al., 1997). One of the approaches that have been tried to 

improve the ability of forecasting security markets is the Artificial Neural 

Networks (ANNs) [see Van Eyden (1995), for a review and Gençay (1998) 

for an application). These ANNs rely on their powerful pattern recognition 

properties to produce short-term predictions of the time series, therefore 

avoiding the need to specify an explicit econometric model to represent the 

time series.  

 
The aim of this paper is to investigate the profitability of using 

artificial neural networks in security markets. To that end, the ANNs 

predictions are transformed into a simple trading strategy, whose 

profitability is evaluated against a simple buy-and-hold strategy based on a 

random walk model. We have applied this investment strategy to the 

General Index of the Madrid Stock Market, using data for the 2 January 

1966-12 October 1997 period (6931 observations). 

The paper is organised as follows. Section 2 presents the model used 

to generate predictions. The empirical results are shown in Section 3. 

Finally, Section 4 provides some concluding remarks. 
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2. The model 
 

ANNs models simulate paralell computational structure whith highly 

interconnected simple units, called neurons. The simplest ANN model is 

the feedforward network, where information is passed from the point of 

entry (at the so-called “input layer”), assigned a weight and passed to a 

further layer of hidden neurons. A further set of weights can be assigned to 

this hidden information, and so on, until reaching the final layer of the 

system (the “output layer”) which represents the forecast (see Kuan and 

White, 1994).  

In this paper, we use the following three-layer feedback network 

 

There are nine inputs (corresponding with the returns in the previous nine 

days: , one hidden layer with four units, and one output layer 

with a single neurone ( ). Any hidden layer unit receives the weighted sum 

of all inputs and a bias term and produces an output signal through the 

hidden transfer function (F), where  is the weight of its connection from 

the ith input unit to the jth hidden layer unit. In the same way, the output 

unit receives the weighted sum of the output signals of the hidden layer, 

and produces a signal through the output transfer function (G), where  is 

the weight of the connection from the jth hidden layer unit. The final output 

will be a value in the (-1, +1) interval. A value greater than 0 will be used 

as a buy signal, while a value lesser than 0 will be used as a sell signal.  

The values of the weights are determined by an iterative learning 

process and their transformation at each successive layer determined by a 

specific kind of transfer function. Regarding the training process, the most 

widely used is error backpropagation, a recursive gradient descent method 
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that minimises the sum of squared errors of the system by moving down the 

gradient error curve. As for the trasformation functions, F will be a 

logarithmic function and G a hyperbolic tangent function. 

Since stock market prices present a tendency to generate alternating 

episodes of generally rising or generally falling prices (so-called "bull" and 

"bear" markets), we have examined the performance of the ANN in three 

different subperiods: (I) 10/2//91 to 10/2/92, (II) 7/14/94 to 7/13/95 and 

(III) 10/23/96 to 10/15/97. As shown in Figure 1, subperiod I corresponds 

to a downwards trend, subperiod II presents a relative stable episod, and III 

exhibits an upwards movement in the index. For each subsample, the ANN 

model, using all previous observations in the learning process, produces 

forecasts 250 day ahead (a year of price data in daily frequency), long 

enough to reduce the effects of data snooping.  
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3. Empirical results 

In order to evaluate the forecast accuracy of the ANN predictors, we 

first compute both the percentage of correct predictions and the Pesaran 

and Timmermann (1992)´s non-parametric test proportion of correctly 

predicted signs. 

Latter, to assess the economic significance of the ANN predictors as 

a simple technical trading strategy, we consider the estimated total return of 

such strategy: 

 

where ρ is the out-of-sample horizon and  the recommended position 

which takes either a value of -1 (for a short position) or +1 (for a long 

position), and n is the number of observations. Note that we are not 

considering transaction costs. 

Given that in a random-walk market no mechanical trading rule 

would consistently outperform a buy-and-hold policy, we compare both 

strategies. The returns on a simple buy-and-hold strategy are given by:  

 

where ρ  indicates the holding period, and Pt .and Pt+ρ are prices of the 

security at time t and t+ρ respectively. 

 In addition to total returns, we also consider other two profitability 

measures: the ideal profit and the Sharpe ratio. The ideal profit measures 

the returns of the trading system against a perfect predictor and is 

calculated by: 
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As can be seen, RI= 1 if the indicator variable  takes the correct 

trading position for all observations in the sample. If all trade positions are 

wrong, then the value of this measure is RI= -1. An RI= 0 value is 

considered as a benchmark to evaluate the performance of an investment 

strategy. Regarding the Sharpe ratio, it is simply the mean return of the 

trading strategy divided by its standard deviation: 

 

 

The higher the Sharpe ratio, the higher the return and the lower the 

volatility.  

The results for all these tests are reported in Table 1. As can be seen, 

the sign predictions for the recommended positions range in the 54-58%, 

indicates a performance better than a random walk directional forecast. 

Furthermore, the Pesaran-Timmemann tests are significant at the 1% level 

for the subperiods II and III. Regarding total returns, the trading rule based 

on the ANN dominate the buy-and-hold strategy in subperiods I (48% 

versus –40%) and II (27% versus 0.19%), while the opposite is truth for 

subperiod III (29% versus 44%). The Sharpe ratio is relatively higher in the 

bear market subperiod (0.19) than in the remainder subperiods (0.13 and 

0.11). Consistently, the ideal profit is high in subperiod I (0.25) and 

remains in similar order in the other two subperiods, being always greater 

than zero. 
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Table 1: Out-of-sample tests 

Tests Subperiod I 
(bear market) 

Subperiod II 
(stable market) 

Subperiod III 
(bull market) 

Sign predictions 0.54 0.57 0.58 
Pesaran and Timmerman 0.97 2.24* 2.26* 
Total return 0.48 0.27 0.29 
Ideal profit ratio 0.25 0.17 0.14 
Sharpe ratio 0.19 0.13 0.11 
Buy and hold return -0.40 0.0019 0.44 

Note: * denotes significance at the 1% level. 

 

4. Concluding remarks 

In this paper we have investigated the profitability of simple 

technical trading rule based on ANN models. Our results, based on 

applying this investment strategy to the General Index of the Madrid Stock 

Market, suggest that, in absence of trading costs, the technical trading rule 

is always superior to a buy-and-hold strategy for both “bear” markets and 

“stable” market episodes. On the other hand, we found that the buy-and-

hold strategy generates higher returns than the trading rule based on ANN 

for a subperiod presenting upwards trend (“bull” markets). These results 

are in line with those presented in Fernández-Rodríguez et al. (1999) when 

applying nonlinear predictors to the Nikkei Index. 
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